ABSTRACT The concept of the protein transition state ensemble (TSE), a collection of the conformations that have 50% probability to convert rapidly to the folded state and 50% chance to rapidly unfold, constitutes the basis of the modern interpretation of protein engineering experiments. It has been conjectured that conformations constituting the TSE in many proteins are the expanded and distorted forms of the native state built around a specific folding nucleus. This view has been supported by a number of on-lattice and off-lattice simulations. Here we report a direct observation and characterization of the TSE by molecular dynamic folding simulations of the C-Src SH3 domain, a small protein that has been extensively studied experimentally. Our analysis reveals a set of key interactions between residues, conserved by evolution, that must be formed to enter the kinetic basin of attraction of the native state.
INTRODUCTION
It has been widely accepted that the physical mechanism underlying folding kinetics of most two-state proteins is nucleation (Abkevich et al., 1994; Fersht, 1997) . For the protein to fold into its native state, the overall free energy barrier separating the folded and unfolded states must be overcome. The conformations corresponding to the transition barrier are denoted as transition state ensemble (TSE). Fersht et al. (Matouschek et al., 1989 (Matouschek et al., ,1990 proposed -value analysis to quantify the participation of each amino acid in the transition states via the protein engineering experiments. Identification of the transition state ensemble is crucial for the interpretation of experimental results and understanding of protein folding mechanics, which has attracted interests in the past decade Daggett, 1994,1998; Munoz and Eaton, 1999; Galzitskaya and Finkelstein, 1999; Alm and Baker, 1999; Guerois and Serrano, 2000; Nymeyer et al., 2000; Clementi et al., 2000) . Temperature-induced unfolding Daggett, 1994,1998) in all-atom molecular dynamics simulations with explicit solvent molecules has been applied to study the transition states. However, the limitation of computational ability for traditional molecular dynamics only enables one to sample over several unfolding trajectories from the folded state. Thus, this technique can only capture one or a few transition state conformations instead of a statistically significant ensemble. Moreover, derivation of folding transition state ensemble from high-temperature unfolding may be problematic in some cases due to possible significant differences between high-temperature free energy landscape and the free energy landscape on which folding occurs at physiological temperatures (Finkelstein, 1997; Dinner and Karplus, 1999) .
Some other theoretical approaches (Munoz and Eaton, 1999; Galzitskaya and Finkelstein, 1999; Alm and Baker, 1999; Guerois and Serrano, 2000) have been proposed to predict the transition states in protein folding and obtained significant correlations with experimental -values for several proteins. However, each of these models involves drastic assumptions. For example, each amino acid can only adopt two states, native or denatured, and the ability to be in the native state was considered to be independent of other residues. Such an assumption is normal for one-dimensional systems, but may be inappropriate for three-dimensional proteins, because the native state of a residue depends on its contacts with its neighbors. Moreover, the dynamics is only derived from thermodynamics in these works.
The principal difficulty to select TSE conformations is the identification of the reaction coordinate for protein folding. The fraction of native contacts Q Clementi et al., 2000) has been proposed as the reaction coordinate to study the TSE. However, the reaction coordinate for folding is not well defined (Abkevich et al., 1994; Klimov and Thirumalai, 2001) , so in principle it is difficult to determine the folding TSE from equilibrium sampling. The probability for the protein conformation to fold into the native states p fold is proposed as the robust criterion of TSE. Thus, the TSE can be determined from the kinetic simulations as the set of conformations representing the kinetic separatrix between native and unfolded basins of attraction Klimov and Thirumalai, 2001 ).
Here we propose an approach to identify TSE from molecular dynamics simulations. Our approach unifies a number of concepts that have been developed in the protein folding community (Go and Abe, 1981; Sali et al., 1994; Zhou and Karplus, 1999; Dokholyan et al., 2000; Abkevich and Shakhnovich, 2000) . We test this approach on the folding kinetics of the C-Src SH3 domain (PDB access code 1NLO), within the Go model approximation for the amino acid interactions (Go and Abe, 1981; Zhou and Karplus, 1999) . We introduce a coarse-grained representation of the C-Src SH3 domain, which includes the C ␣ and C ␤ atoms and a set of additional specific constraints that allow us to mimic protein flexibility (see Methods and Fig. 1 A) .
THERMODYNAMICS AND KINETICS
To test whether the model faithfully reproduces the experimentally observed (Jackson, 1998; Grantcharova et al., 1998) thermodynamic and kinetic properties of the C-Src SH3 domain, we first perform the discrete molecular dynamics simulations of the model C-Src SH3 domain at various temperatures (Fig. 1 B) . At each temperature we calculate the potential energy E, the radius of gyration R g , the rms deviation from the native-state RMSD, and the specific heat C v (T). At low temperatures, the average potential energy ͗E͘ increases slowly with temperature, and the RMSD remains below 3 Å. Near the transition temperature T f ϭ 0.91, the quantities E, R g , and RMSD fluctuate between values characterizing two states, folded and unfolded, yielding bimodal distribution of potential energy (Fig. 1) . Potential energy fluctuations at T f give rise to a sharp peak in C v (T) (see Fig. 1 C) , which is characteristic of a first-order phase transition for a finite system. Our findings are consistent with experimental observations for the C-Src SH3 domain (Jackson, 1998; Grantcharova et al., 1998) .
Next we determine for the C-Src SH3 domain the folding TSE, a set of conformations with p fold equal to 1 ⁄2.I ti s computationally impossible to find p fold for every single conformation of a protein. Thus, following Dokholyan et al. (2000) , we limit the search for TSE conformations to the energy range {E TS }, defined to be Ϫ91 Ͻ E ϽϪ 80, corresponding to the unstable region with the lowest probability in the potential energy histogram at T f (Fig. 1 D) . Not all conformations from {E TS } belong to the TSE, so we partition these conformations into four kinds of fluctuations that bring the protein to the unstable state within the range of {E TS } (see Fig. 2 ): 1) FF, when the folded protein unfolds Fig. 1 G) , we set E U ϭϪ50, which is slightly higher than the average energy of unfolded states. The probability distribution of the potential energy at T f . It is bimodal, with a low probability between the peaks corresponding to folded (F) and unfolded (U) states, which corresponds to the putative TSE (T). (E) The radius of gyration, (F) RMSD, and (G) potential energy of the protein at folding temperature T f , respectively. A typical run is shown and the unit of time is 10 6 time units. The folded and unfolded states are stable states in that the minimum time (see the transitions around 2.2 and 3.5) that the model protein is present in the folded or unfolded states is of the order of 10 5 time units, while the time of temporary fluctuations is of the order of 10 2 time units. In folded states, the RMSD is around 2 Å. The energy difference between the folded state and unfolded state is Ϸ70 energy units. to {E TS } and then rapidly refolds to its native state; 2) UU, when the unfolded protein partly folds into {E TS } and then rapidly unfolds; 3) FU, when the folded protein unfolds to {E TS }, and then proceeds unfolding further; and 4) UF, when the unfolded protein traverses the energy range {E TS } on its way to folded conformations.
We determine p fold from 100 simulation runs for conformations from these four UU, FF, FU, and UF ensembles. For each ensemble, we randomly select 10 conformations to calculate the corresponding p fold values. In each run we reassign the initial velocities of each residue, keeping the temperature unchanged at T f . Because the initial state is unstable, it rapidly evolves to a stable folded or unfolded state. Indeed, p fold varies greatly between starting conformations, despite the fact that their energies are similar: FF (Fig. 3 b) conformations have p fold Ϸ 1, while UU (Fig. 3 c) conformations have low p fold , UF (Fig. 3 d) and FU (data not shown) conformations exhibit p fold Ϸ 1 ⁄2, and thus belong to the TSE. UU and FF conformations represent basins of attraction of unfolded and native states, respectively, so the energy and also the fraction of native contacts Q, which is related to energy in the Go models, are not appropriate reaction coordinates for folding. For simplicity, we construct our TSE only of UF conformations from the energy window {E TS }, i.e., conformations that are collected only along trajectories that traverse this energy range on the way from the unfolded state to the folded state. We analyze 200 independent folding transitions to create the TSE.
Next, we determine the values for each residue using the "virtual screening" method as described in the Methods FIGURE 3 (a) A schematic representation of TSE conformations. TSE conformations belong to the top of the free energy barrier between folded and unfolded states, and have 50% probability to descend to the folded state and 50% probability to descend to unfolded states. (b) The evolution of potential energy for simulations starting from a conformation from the native state basin of attraction (FF conformations). Most simulations fold (see histogram). (c) The evolution of potential energy of the protein for simulations starting from a conformation that belongs to an unfolded basin of attraction (UU conformations). Most simulations unfold (see histogram). (d) The fluctuations of potential energy starting at time zero from a conformation belonging to the TSE: there is Ϸ50% probability to fold, and Ϸ50% to unfold. All three classes of fluctuations shown in (b)-(d) start from conformations of the same potential energy, and only 10 of the 100 energy trajectories are shown.
section. The correlation coefficient between experimental (Grantcharova et al., 1998; Riddle et al., 1999) and simulated -values is 0.58 (Fig. 4 B) . In Fig. 4 b there are regions where our determined -values apparently mismatch the experimental ones, such as residues 10 -20, residues around 24, residues 43-46, and residue 54. One of the main reasons is that the mutations cannot probe all the surrounding interactions, especially the backbone interactions, as what we do by the "virtual screening" method. For example, residues 10 -20 belong to the N-terminal strand of the RT-loop, which is mostly stabilized by backbone interactions and is persistent (Grantcharova and Baker, 1997) in the partially unfolded states, and thus the mutations in this region produce low -values. For residues 43-46 we predict all intermediated -values around 0.6 so that the corresponding ␤ strand adopts the native-like structure in TSE, which is consistent with that fact that residue A45 has the highest experimental -value. The reason why we cannot capture the fluctuations of experimental values is because our simplified Go model does not consider the specific nature of different amino acids. In addition, the mutation on the same site to different amino acids may yield different -values, while the "virtual screening" method does not consider the specificity of mutations. Residues L24 and G54, which we found to be crucial for the folding kinetics, will be discussed later in this paper. For comparison, we have also calculated the -values by using potential energy as the reaction coordinate, i.e., selecting all the UU, FF, FU, and UF conformations as transition states. The correlation coefficient between thus-calculated and experimental -values reduces to 0.49 (data not shown). Our results allow us to directly evaluate the relative importance of various interactions in the TSE -an insight difficult to obtain solely from experiments, which report on the structure of TSE only implicitly, via -values, the interpretation of which is too complex in some cases (Itzhaki et al., 1995; Abkevich et al., 1998) .
By comparing the number of contacts N C that an amino acid makes in the TSE with that number in the unfolded state (Fig. 5 a) , we select amino acids that are most impor- (Grantcharova et al., 1998; Riddle et al., 1999) . Only residues for which experimental -values are known are shown. The statistical errors of ⌬G values are estimated as the standard deviations. The errors of -values are derived from that of ⌬G by the error propagation. Below the x axis, the linear structure of C-Src SH3 domain is shown. The arrows denote the ␤ strands, the spaces between the arrows are RT loop, n-src loop, and distal ␤ hairpin, respectively, and the short spiral denotes the 3 10 helix.
tant for the formation of the TSE by setting the cutoff as 2 (Fig. 5 b) : A12, N23, L24, F26, L32, V35, W43, A45, H47, G54, Y55, and I56. These amino acids have high calculated -values except for A12. The low calculated and experimentally derived -value for A12 indicates that it still need to form many more contacts to be native-like by noticing that it forms 13 contacts in the native states (Fig. 6 A) . In general, the majority of the residues from that list also have high experimental -values; remarkably, residue A45, which has the highest number of contacts in the TSE with respect to the unfolded states, has the highest experimental -value (1.2). Notable exceptions are N23, L24, W43, and G54, which have -values that are either small or negative, as in the case of G54. For residue G54, mutation destabilizes the protein while accelerating folding, strongly suggesting that it indeed participates in the TSE (Itzhaki et al., 1995; Ozkan et al., 2001) .
In Fig. 6 we present the contact map of the native state and maps of frequencies of the relative participation of contacts in TSE, FF, and UU conformations and the difference of the frequency maps for FF and UU conformations. For comparison, we also show the contact map of the putative TSE (Fig. 6 C) derived from using the fraction of native contacts Q as the method to select TSE conformations Clementi et al., 2000) . We find that the three-strand ␤ sheet (residues 28 -56) forms firstit is already present in the majority of UU conformations (Fig. 6 B) . This is not surprising because the three-strand ␤ sheet is just a combination of distal hairpin (residues 44-56) and the n-src loop (Riddle et al., 1999) (Fig. 5 c) . It is a substructure of relatively short-range contacts that form rapidly, in accord with general observations (Plaxco et al., 1998) and experimental data on the rate of ␤ hairpin formation (Munoz et al., 1997) . However, formation of the three-strand ␤ sheet is necessary, but not sufficient for a conformation to enter the basin of attraction of the native state. Comparison of the FF contact map with the UU contact map in Fig. 6 d reveals a crucial structural element that needs to be formed to rapidly fold into the native conformation: specific long-range contact between L24 from the RT loop and/or G54 and/or I56 from the distal hairpin (dashed oval in Fig. 6 D) . Interestingly, using the equilibrium sampling method to select TSE by Q , Clementi et al., 2000 , we do not find any specific role for the contact L24 and G54 (Fig. 6 C) . The contact map of putative TSE is calculated by using fraction of native contacts Q to select the TSE conformations Clementi et al. 2000) . (D) The difference of the frequency maps for FF and UU conformations shows that the key contacts distinguishing FF and UU basins are between L24 and G54 -I56 (dashed ellipse). A long range contact L24 -G54 occurs with high probability in all conformations that belong to the basin of attraction of the native state. The gray scale represents the frequency scale. (E) The probability distribution of potential energy E for cross-linked L24 and G54 shows suppressed bimodality. The distribution for NC cross-linked protein (T9 and S64) is as bimodal as for the wild type of Fig. 1 D. 
DISCUSSION
Remarkably, L24, and especially G54, are two of the most conserved structural residues in the SH3 fold family (Larson and Davidson, 2000) (in which case, they are residue 18 and residue 48, respectively). Furthermore, Baker and co-workers (Grantcharova et al., 1998) showed that L24 cannot be diversified in phage-selection experiments, along with other kinetically important residues. The fact that -values of these two particular residues are not close to unity-despite strong evidence of their participation in the folding nucleus-is similar to the case of I76 in chymotrypsin inhibitor 2 (CI2) protein, which also has a low -value but appears to participate in the folding nucleus (Itzhaki et al., 1995) . Such apparent contradiction was explained for CI2 by Fersht and co-workers who showed that the strain in the native structure may account for this anomalous behavior of a residue. This explanation is likely also to be valid for the C-Src SH3 domain given the extremely tight packing of C ␣ of G54 against C ␤ of L24 in the native structure of C-Src SH3. The site mutation of G54 destabilizes the native state, but may not destroy the backbone interaction and thus cannot probe the transition states properly. Importantly, all residues that are sequence neighbors of G54 have large -values, while sequence neighbors of L24 have low -values, fully consistent with our findings (Figs. 4 B and 6) .
We further verify the crucial role of contact between L24 from the RT loop and the C-terminal strand of the distal hairpin by "cross-linking" L24 and G54. As shown in Fig.  6 e, the cross-linking dramatically changes the cooperativity of the folding transition by essentially eliminating the free energy barrier between folded and unfolded states, and shifting equilibrium toward the manifold of folded states. To determine whether this change can be attributed to nonspecific stabilization due to the entropy reduction of the unfolded state caused by cross-link (Abkevich and Shakhnovich, 2000; Dokholyan et al., 2000) , we perform a control simulation with N-and C-termini cross-linked (Grantcharova and Baker, 2001 ) and rule out this possibility (Fig. 6  E) . We find that the NC cross-linked protein is indeed more stable (T f increases) than the wild-type, but the barrier between the native and unfolded states remains intact, in sharp contrast to the L24 -G54 cross-linked protein.
Thus we reconstruct a comprehensive picture of the CSrc SH3 folding mechanism derived directly from folding kinetics simulations. The three-stranded ␤ sheet and diverging turn is present in the TSE, in accord with previous analysis. However, while this structural feature is present in the TSE, it is not sufficient for folding. A key long-range contact between L24 and the distal hairpin (residues 54 -56) must be formed to enter the basin of attraction of the native state, causing direct and fast descent to the native state. These kinetically relevant amino acid interactions cannot be obtained from the thermodynamic approach (Clementi et al., 2000; Nymeyer et al., 2000) to study the TSE by using some global reaction coordinate (such as Q). We predict that cross-linking these residues (by mutating them to cysteines) (Grantcharova et al., 2000) would dramatically change the free energy landscape, and it would be interesting to test this prediction experimentally. The crucial kinetic roles of these amino acids, especially G54, may contribute to the high conservatism in the SH3 fold family (Larson and Davidson, 2000) . This model and discrete molecular dynamics simulations used to analyze it represent a combination of structural and dynamic realism with computational efficiency needed to gain statistically significant insights into structural features of the main milestones along the protein folding pathway.
METHODS

Discrete molecular dynamics simulations
Due to the computational burden of traditional molecular dynamics (Du and Kollman, 1998) , simplified simulation methods are needed to study protein folding. The discrete molecular dynamics method Karplus, 1997,1999; Dokholyan et al., 1998 Dokholyan et al., ,2000 is a compromise between computational simplicity and dynamic realism. This method replaces integration of the dynamic (Newtonian) equations of motion by solving momentum and energy conservation laws at each collision that involves polymer (protein) atoms and "solvent" particles used to thermalize the system. Earlier applications of discrete molecular dynamics simulations to protein folding (Dokholyan et al., 1998 (Dokholyan et al., ,2000 Zhou and Karplus, 1999) used a simple "bead-on-a-string" model, where beads were placed at the positions of C ␣ atoms and the bonds could rotate freely with respect to each other. The bead-on-a-string off-lattice models usually feature greater flexibility than occurs in real proteins, and for this reason they often exhibit several metastable intermediates that are not observed in experiments. Here we propose a realistic off-lattice model that also includes the C ␤ atoms.
Protein model
We model the protein by beads representing C ␣ and C ␤ (Fig. 1) . There are four types of bonds: (i) covalent bonds between C ␣i and C ␤i ; (ii) peptide bonds between C ␣i and C ␣(i Ϯ 1) ; (iii) effective bonds between C ␤i and C ␣(i Ϯ 1) ; and (iv) effective bonds between C ␣i and C ␣(i Ϯ 2) . To determine the effective bond length, we calculate the average and the standard deviation of distances between carbon pairs of types (iii) and (iv) for 10 3 representative globular proteins obtained from the PDB. We find that the average distances are 4.7 and 6.2 Å for type (iii) and type (iv) bonds, respectively. The ratio of the standard deviation over the average for bond types (iii) and (iv) are, respectively, 0.036 and 0.101. The standard deviation of bond type (iv) is larger than that of bond type (iii) because it relates to the angle of two consecutive peptide bonds. Thus, the bond lengths of type (iv) fluctuate less than that of type (iii). The effective bonds impose additional constraints on the protein backbone, so our model closely mimics the stiffness of the protein backbone, and can give rise to cooperative folding thermodynamics.
In our simulation, the four types of bonds are realized by assigning infinitely high potential well barriers (Dokholyan et al., 1998) :
where D ij is the distance between atoms i and j in the native state, ϭ 0.0075 for a bond of type (i), ϭ 0.02 for a bond of type (ii), ϭ 0.036 for a bond of type (iii), and ϭ 0.101 for a bond of type (iv). The covalent and peptide bonds are given a smaller width and the effective bonds are given a wider width to mimic the protein flexibility. We use a modified Go model similar to one described in Dokholyan et al., (1998) , in which interactions are determined by the native structure of proteins. In our model, only C ␤ atoms that are not next to each other along the chain interact with each other. The cutoff distance between C ␤ atoms is chosen to be 7.5 Å. Despite the drawback of the Go model, associated with the prerequisite knowledge of the native structure, it has important advantages. It is the simplest model that satisfies the principal thermodynamic requirements for a protein-like model: 1) the unique and stable native state; and 2) a cooperative folding transition resembling a first-order phase transition. Furthermore, it has been widely applied in the past to study various aspects of protein folding thermodynamics and kinetics (Zhou and Karplus, 1999; Alm and Baker, 1999; Dokholyan et al., 2000) . In addition, experimental works (Grantcharova et al., 1998; Martinez et al., 1998; Riddle et al., 1999) show that the transition state ensemble of many two-state fast-folding proteins is primarily determined by native states topologies.
"Virtual screening" method
We use a technique similar to experimental -value analysis to predict the TSE via computer simulations. We assume that the mutation does not give rise to significant variation of the three-dimensional structures of foldedstate and transition-state ensembles, the same assumption that is made in protein engineering experiments. In our simulations, the free energy shifts due to mutation can be computed separately in the unfolded, transition, and folded state ensembles:
Here x denotes a state ensemble: folded, F; unfolded, U; and transition, T; ⌬E is the change of potential energy due to the mutation, and the average ͗ ... ͘ x is taken over all conformations of unfolded; transition; and folded-state ensembles. We compute ϵ ⌬G T Ϫ ⌬G U ⌬G F Ϫ ⌬G U ϭ ln͗exp(Ϫ⌬E/kT)͘ T Ϫ ln͗exp(Ϫ⌬E/kT)͘ U ln͗exp(Ϫ⌬E/kT)͘ F Ϫ ln͗exp(Ϫ⌬E/kT)͘ U
The same equation has been applied to calculate values in Clementi et al. (2000) . Interestingly, if one adopts a simplified definition of the -value used in recent work (Vendruscolo et al., 2001 ) as proportional to the number of contacts a residue makes in the TSE, the correlation coefficient between theoretical and experimental -values is reduced to 0.27. An approximation to the -value, the difference between the average number of contact residues formed in the TSE and in unfolded states, Ϸ (͗N i ͘ T Ϫ͗ N i ͘ U )/(͗N i ͘ F Ϫ͗ N i ͘ U ), provides a better correlation coefficient between predicted and experimentally observed -values (0.48) than does the approximation of Vendruscolo et al. (2001) . The reason why a thermodynamic definition of the -value yields better agreement with experiments can be inferred from the ⌬G plot (Fig. 4 a) , which shows that ⌬G F Ϫ⌬G U for most of the amino acids is not negligible. Indeed, there are several amino acids that make persistent short-range contacts in the unfolded states.
